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Abstract—Motion tracking is an effective approach for the 
management of respiratory motion during the medical imaging 
process, which has always been a major concern in diagnostic 
imaging, interventional, and non-invasive therapy. However, the 
low imaging speed of traditional medical imaging techniques 
limits the practical application of real-time motion tracking. 
Electrical impedance tomography (EIT) is proved to be an 
effective tool for continuous monitoring of lung activity/status. 
However, the respiratory motion has never been studied in the 
medical EIT field before. In this paper, preliminary research of 
lung movement during the respiratory process is first studied 
based on EIT. Multi-ring electrode thorax models under different 
respiratory statuses were constructed to obtain simulation data of 
EIT. A modified TV algorithm is used for the estimation of lung 
volume and movement based on 3D EIT images, which improve 
the quality of reconstruction by approximately 30% and 20% 
compared with the traditional Tikhonov method and the total 
variation (TV) method, respectively. Both simulations and 
experiments were conducted to show the potential of respiratory 
motion tracking through 3D EIT reconstruction. 
 
Index Terms—Electrical impedance tomography, Respiratory 
motion, Total variation, Image reconstruction. 
 
I. INTRODUCTION 
EVELOPMENTS in imaging technology have opened up an 
increasingly wide range of potential applications for 
medical images, such as diagnosis, treatment planning, and 
image-guided interventions[1]-[3]. According to the dynamic 
characteristics of the human body, organ motion has to be 
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considered during the imaging process. The lung respiration 
motion has been studied to estimate focus movement for 
accurate diagnosis and interventional/non-invasive therapy[4], 
[5]. Over the past few years, there has been significant interest 
in respiratory motion tracking management using medical 
imaging devices such as ultrasound tomography (UT), positron 
emission tomography (PET), computed tomography (CT) and 
magnetic resonance imaging(MRI) [6]-[10]. Due to the low 
imaging speed or radiological hazard of traditional imaging 
techniques, the common method is to evaluate the motion based 
on several specific statuses during the breathing cycle, e.g. the 
end-inspiration and end-expiration (peak-to-peak) statuses[11], 
[12]. However, the temporal resolution of the image is low due 
to a lack of accurate dynamic information. 4D medical imaging 
technology provides the availability of dynamic tracking for 
respiratory motion [13];nevertheless, it can be difficult to 
image the motion of interest directly during the imaging 
procedure. Surrogate or marker is always used and the regular 
variation of breathing pattern has to be assumed to simplify the 
imaging process [14]. 
Electrical impedance tomography (EIT) is a relatively new 
technique intended for imaging the electrical conductivity 
distribution within a human body [15-18]. EIT could provide 
variation of conductivity distribution for lung during the 
breathing process [19], [20]. Compared with traditional 
medical imaging techniques, EIT is a non-invasive, bedside 
radiation-free imaging modality and could continuously 
monitor lung function [21]-[26]. As a dynamic medical 
imaging technique, it is an ideal and promising method to 
monitor lung movements. However, most of the applications 
and researches for lung EIT only focus on the estimation of the 
lung volume, i.e. ventilation and perfusion based on 
reconstructed images [27]-[30]. The intrathoracic organ 
motion, which is an essential parameter based on dynamic EIT 
reconstruction hasn’t been considered before.  
In this paper, the respiratory motion of lung is first monitored 
based on EIT reconstructions. The real 3D thorax models for 
specific statuses, i.e. end-expiration and end-inspiration, are 
built based on CT slices for the simulation study. Inspired by 
edge-preserving and scale-dependent properties of total 
variation (TV)regularization, a modified split-Bregman total 
variation(MTV) algorithm is proposed for 3D reconstruction to 
improve the estimation accuracy of lung movement. Lung 
characteristics and respiratory motion are studied based on 3D 
lung EIT images of different respiratory statuses.  
Exploring Respiratory Motion Tracking through 
Electrical Impedance Tomography (EIT) 
Qi Wang, Member, IEEE, Jianming Wang, Xiuyan Li, Xiaojie Duan, Ronghua Zhang, Hong Zhang, 
Yanhe Ma, Huaxiang Wang, Senior Member, IEEE, Jiabin Jia, Senior Member, IEEE 
D 




Fig. 1.Procedure of constructing the 3D thorax model. 
 
    
     (a)                                                      (b) 
Fig. 2. 3D thorax model under two respiratory statuses (unit: 
cm).(a)end-inspiration status; (b) end-expiration status. 
 
The experiments are also conducted to verify the 
effectiveness of the new method. Both simulation and 
experimental results show that EIT reconstruction of lung is 
capable for evaluation of respiratory motion.  
The paper is organized as follows. In SectionⅡ, the basic 
mathematical model based on TV regularization for EIT is 
briefly described. Realistic 3D thorax models under different 
respiratory statuses are built and EIT forward problems are 
solved in Section Ⅲ. Section Ⅳ introduces the modified TV 
regularization method and its solution based on the 
split-Bregman iteration method. In Section Ⅴ , numerical 
experiments are designed for 2D and 3D EIT lung imaging 
based on the MTV method with selected parameters. The 
respiratory motions between end-expiration and 
end-inspiration statuses are discussed. 3D lung image 
reconstruction and evaluation of respiratory motion through 
real data are conducted in Section Ⅵ. Finally, the conclusions 
are drawn in Section Ⅶ. 
II. BASIC OF EIT RECONSTRUCTION  
The difference imaging method is always used in EIT, which 
can be expressed as 
𝑉𝑉 = 𝐹𝐹(𝜎𝜎) + 𝑒𝑒                                      (1) 
where F is the nonlinear forward operator, e is measurement 
noise, 𝜎𝜎  is the conductivity differences concerning the 
reference and V is the measured boundary voltage variations. In 
practice, equation (1) is linearized as [31] 
𝑉𝑉 = 𝐽𝐽𝜎𝜎 + 𝑒𝑒                                      (2) 
where V is the measured voltage sequence, J is the sensitivity 
matrix, σ  is the conductivity variation vector between the 
object and reference fields. In this paper, the thorax model with 
evenly distributed conductivity is used as the reference 
distribution. 
To estimate the conductivity distribution from boundary 
voltages, the inverse problem needs to be solved. A commonly 
used method to solve this problem is reformulating it into a 
Tikhonov regularization problem [32]  
arg min
𝜎𝜎
{‖𝐽𝐽𝜎𝜎 − 𝑉𝑉‖22 + 𝜆𝜆‖𝜎𝜎‖22}                       (3) 
where𝜆𝜆 is the regularization parameter. The Tikhonov method 
is L2 regularization and always prone to get smooth solution𝜎𝜎. 
Hence blurred information are introduced into 
piecewise-constant reconstruction models. To preserve sharp 
details in reconstruction, TV regularization is incorporated into 
the EIT model [33], leading to 
arg  min
𝜎𝜎
{‖𝐽𝐽𝜎𝜎 − 𝑉𝑉‖22 + 𝜆𝜆‖𝜎𝜎‖𝑇𝑇𝑇𝑇}                    (4) 
where the TV-norm for a 3D model is defined as 






(∇𝑥𝑥𝜎𝜎)𝑖𝑖,𝑗𝑗,𝑘𝑘 = 𝜎𝜎𝑖𝑖+1,𝑗𝑗,𝑘𝑘 − 𝜎𝜎𝑖𝑖,𝑗𝑗,𝑘𝑘 
(∇𝑦𝑦𝜎𝜎)𝑖𝑖,𝑗𝑗,𝑘𝑘 = 𝜎𝜎𝑖𝑖,𝑗𝑗+1,𝑘𝑘 − 𝜎𝜎𝑖𝑖,𝑗𝑗,𝑘𝑘 
(∇𝑧𝑧𝜎𝜎)𝑖𝑖,𝑗𝑗,𝑘𝑘 = 𝜎𝜎𝑖𝑖,𝑗𝑗,𝑘𝑘+1 − 𝜎𝜎𝑖𝑖,𝑗𝑗,𝑘𝑘 
where (∇𝑥𝑥𝜎𝜎) , (∇𝑦𝑦𝜎𝜎)  and (∇𝑧𝑧𝜎𝜎)  are the first-order local 
differences in the x, y and z dimension, respectively. The 
indexes i,j, and k refer to elements in the finite element mesh. In 
traditional TV solution, a smoothing parameter 𝜀𝜀 [34] is always 





2 + 𝜖𝜖.𝑖𝑖,𝑗𝑗,𝑘𝑘 (6) 
III. 3D MODEL CONSTRUCTION FOR EIT FORWARD PROBLEM 
A 3D thoracic model of a woman aged 56, has been 
developed based on the CT scans. Besides, since the paper 
focuses on lung movement, the model has been simplified by 
including only the lungs inside the thorax. The procedure of 
constructing a realistic 3D thorax model is shown in Fig. 1. The 
contours of lungs and thorax are extracted based on the 
maximum inter-class variance algorithm[35] and stacked to 
obtain the preliminary model of the thorax in Mimics®. In 
order to obtain a stable solution in the forward problem, 
SolidWorks® is used to smooth the model. Finally, the lung 
models are combined with the thorax model in COMSOL 
Multiphysics® to solve the forward problem.  
In order to study the respiratory motion for lung EIT, the 3D 
thorax model at two specific statuses, namely end-inspiration 
and end-expiration, are established for the reconstruction of 
human EIT data in this paper, as shown in Fig. 2. The 
conductivity of lung tissue at the end-expiration condition and 
end-inspiration conditions are set to  σ𝑒𝑒𝑥𝑥𝑒𝑒 = 0.12 S/m 
and σ𝑖𝑖𝑖𝑖𝑖𝑖𝑒𝑒 = 0.06 𝑆𝑆/𝑚𝑚, respectively. The conductivity of other 
tissues not belonging to the lung is set to σ𝑏𝑏𝑘𝑘𝑏𝑏 = 0.48 S/m 
[36], [37]. 
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To obtain the 3D reconstruction result, the image could be 
reconstructed onto multiple voxel layers perpendicular to the 
z-axis with the measurements from multi-ring electrode planes.  
 
 
Fig. 3.Voxel mesh for solving inverse problem. 
 
 
           
    (a)                                                  (b) 
Fig.4.Thorax model with one EIT electrode ringat layer 56. (a) end-expiration 
status; (b) end-inspiration status. 
 
 
 (a)                                                            (b) 
Fig. 5.Reconstruction REs of each reconstruction layerundertwo respiratory 
statuses in single electrode ring model.(a) end-inspiration status; (b) 
end-expiration status. 
 
   
        (a)                                             (b) 
Fig. 6. 3D thorax models with 5 electrode rings. (a) end-expiration status; (b) 
end-inspiration status. 
 
Considering the memory limits and speed requirements, there 
are 111 reconstruction layers for the 3D reconstructed image, 
i.e. the reconstruction layer separation is 0.25 cm. The 3D mesh 
for the inverse problem is shown in Fig. 3. The sensing domain 
is longitudinally divided into 111layers, and each layer has a 
resolution of 32 × 32. 
According to the 3D effect of the electric field, both on and 
off plane images could be reconstructed through measured data 
from one electrode plane. The number of electrode rings is 
selected heuristically to provide proper coverage of the region 
of interest. We first test the off-plane influence of reconstructed 
images with a single electrode ring model which is shown in 
Fig. 4.The model includes one ring of 16 electrodes. The 
diameter of each electrode is 1 cm. The adjacent measure 
pattern with10 mA injected current is used for simulation. 0.1% 
Gaussian random noise is used to simulate the measurement 
noise. The reconstructed image on each plane is reconstructed 
individually based on the Tikhonov method [32]. 
To evaluate the image quality on each plane, the imaging 
relative error (RE) is adopted: 







, 𝑗𝑗 = 1,2,3⋯𝑀𝑀                (7) 
where σ𝑖𝑖𝑗𝑗  is the reconstructed conductivity of the ith pixel on 
the jth layer, σ𝑖𝑖𝑗𝑗∗ is the true one. 𝑁𝑁𝑗𝑗is the number of pixels on the 
jth layer. M is the number of reconstruction layers. 
The relative errors between the reconstructed image and the 
real conductivity distribution on each layer are calculated and 
plotted, as shown in Fig. 5. It can be seen that the reconstruction 
planes far from the electrode plane have higher REs. 
To improve spatial resolution on the z-axis and reduce the 
influence of off-plane objects, we select 20 reconstruction 
layers 5 cm apart between adjacent rings to cover the whole 
thorax area. The models with 5 electrode rings are shown in 
Fig. 6. 
IV. THE IMPROVED TV ALGORITHM BASED ON 
SPLIT-BREGMAN ITERATION 
A. The Mathematical Model of Modified TV Regularization 
Method 
For traditional TV regularization like (6), the behavior of the 
regularization term is dependent on the parameter𝜖𝜖. If 𝜖𝜖 is too 
large, the quadratic smoothing effect will be introduced into TV 
regularization. Furthermore, the convergence of the inversion is 
sensitive to the parameter𝜖𝜖. As a result, the solution of (6) is 
unstable, and unwanted inversion artifacts are produced. 
Inspired by the modified total variation (MTV) regularization 
scheme proposed by Lin and Huang [38] for 2D acoustic and 
elastic waveform inversion, we apply the MTV regularization 
scheme to the 3D EIT to preserve sharp boundaries and 
improve the accuracy of the reconstructed image. The objective 
function of 3D EIT with the MTV regularization is defined as 
arg min
𝜎𝜎,𝑢𝑢
{‖𝑉𝑉 − 𝐽𝐽𝜎𝜎‖22 + 𝜆𝜆1‖𝜎𝜎 − 𝑢𝑢‖22 + 𝜆𝜆2‖𝑢𝑢‖𝑇𝑇𝑇𝑇}        (8) 
where λ1 and λ2 are the regularization parameters, and 𝑢𝑢 is the 
auxiliary variable. 
B. The Solution of the Mathematical Model 
The double minimization problem in (8) is solved by the 
alternating-minimization algorithm. With initial model 𝑢𝑢(0) =
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𝜎𝜎(0), problem (8) leads to the two minimization sub problems: 
𝜎𝜎(𝑘𝑘) = arg min
𝜎𝜎
�‖𝑉𝑉 − 𝐽𝐽𝜎𝜎‖22 + 𝜆𝜆1�𝜎𝜎 − 𝑢𝑢(𝑘𝑘−1)�2
2�         (9) 
 
(a)                                                           (b) 
 
(c)                                                  (d) 
Fig. 7. Convergence curves of different reconstruction algorithms under two 
respiratory statuses. (a) The relative errors versus iterative steps for three 
algorithms at end-expiration status; (b) The residuals versus iterative steps for 
three algorithms at end-expiration status; (c) The relative errors versus iterative 
steps for three algorithms at end-inspiration status; (d) The residuals versus 
iterative steps for three algorithms at end-inspiration status. 




2 + 𝜆𝜆2‖𝑢𝑢‖𝑇𝑇𝑇𝑇�            (10) 
where𝑘𝑘 is the iteration number. The alternating solution of the 
two sub problems not only improves the minimization of the 
residual term, but also enhances the sharpness of 
reconstruction. 
The conjugate gradient method is used to solve the first sub 
problem iteratively: 
(𝐽𝐽𝑇𝑇𝐽𝐽 + 𝜆𝜆1𝐼𝐼)∆ 𝜎𝜎(𝑘𝑘) = 𝐽𝐽𝑇𝑇(𝑉𝑉 − 𝐽𝐽𝜎𝜎(𝑘𝑘)) −  𝜆𝜆1(𝜎𝜎(𝑘𝑘) − 𝑢𝑢(𝑘𝑘−1))  (11) 
where ∆σ(𝑘𝑘) is the perturbation of the model, and 𝜎𝜎(𝑘𝑘)is the 
conductivity model at  the kth iteration.  
After calculating the conjugate direction and step length, the 
model parameters at the current iteration can be updated: 
∆ 𝜎𝜎(𝑘𝑘+1) = 𝜎𝜎(𝑘𝑘) + ∆ 𝜎𝜎(𝑘𝑘)                         (12) 
The second sub problem is solved using the split-Bregman 
iterative method, which composes functional splitting and the 
Bregman distance. In the splitting step, the TV term is 
decoupled from the residual term. In the Bregman iteration 
step, the TV term is reformulated with the Bregman distance. 
The implementation of the split-Bregman iteration is as 
follows: 





2 + 𝜆𝜆2‖𝑢𝑢‖𝑇𝑇𝑇𝑇 + α‖𝑤𝑤 − ∇𝑢𝑢‖22� (13) 
where 𝑤𝑤 ≈ ∇𝑢𝑢. We introduce the Bergman iteration method 





2 + 𝜆𝜆2‖𝑢𝑢‖TV + 𝛼𝛼‖𝑤𝑤 − 𝛻𝛻𝑢𝑢 − 𝑏𝑏𝑘𝑘‖22� 
𝑏𝑏𝑘𝑘+1 = 𝑏𝑏𝑘𝑘 + �𝛻𝛻𝑢𝑢(𝑘𝑘+1) − 𝑤𝑤(𝑘𝑘+1)�                      (14) 
where‖𝑢𝑢‖TV is the L1 term, �𝜎𝜎(𝑘𝑘) − 𝑢𝑢�2
2
 and ‖𝑤𝑤 − 𝛻𝛻𝑢𝑢 − 𝑏𝑏𝑘𝑘‖22 
are the L2 terms,𝑏𝑏𝑘𝑘is the auxiliary variables, and 𝑏𝑏0 = 0. 
The L1 and L2 components in (14) are split and the problem 
is optimized to an alternating minimization fashion with the 





2 + 𝛼𝛼�𝑤𝑤(𝑘𝑘) − 𝛻𝛻𝑢𝑢 − 𝑏𝑏𝑘𝑘�
2
2�            (15) 
min
𝑤𝑤𝑥𝑥,𝑤𝑤𝑦𝑦,𝑤𝑤𝑧𝑧
{𝜆𝜆2‖𝑢𝑢‖𝑇𝑇𝑇𝑇 + 𝛼𝛼‖𝑤𝑤 − 𝛻𝛻𝑢𝑢 − 𝑏𝑏𝑘𝑘‖22}.          (16) 
To minimize (15), the first-order derivative is simply set as 
zero. The optimal value of u can be obtained by solving the 
following equation: 
(𝐼𝐼 − α △)𝑢𝑢(𝑘𝑘+1) = 𝜎𝜎(𝑘𝑘) + 𝛼𝛼𝛻𝛻𝑇𝑇(𝑤𝑤(𝑘𝑘) − 𝑏𝑏(𝑘𝑘)).         (17) 
The generalized shrinkage formula [40] is used to solve the 
minimization problem in (16): 





                   (18) 
where 𝑞𝑞𝑘𝑘 is defined as: 
𝑞𝑞𝑘𝑘 = �|𝛻𝛻𝑥𝑥𝑢𝑢𝑘𝑘 + 𝑏𝑏𝑥𝑥𝑘𝑘|2 + �𝛻𝛻𝑦𝑦𝑢𝑢𝑘𝑘 + 𝑏𝑏𝑦𝑦𝑘𝑘�
2 + |𝛻𝛻𝑧𝑧𝑢𝑢𝑘𝑘 + 𝑏𝑏𝑧𝑧𝑘𝑘|2.      (1
9) 
The procedure of the MTV algorithm for EIT reconstruction 
is summarized in Algorithm 1. 
 
Algorithm 1 MTV algorithm for EIT reconstruction 
Input:𝑉𝑉, 𝐽𝐽,𝑢𝑢(0), Tolerance 
Output:𝜎𝜎(𝑘𝑘) 
1: Initialize 𝑘𝑘 = 0; 
2: while �𝜎𝜎 − 𝜎𝜎(𝑘𝑘)�
2
2 > 𝑇𝑇𝑇𝑇𝑇𝑇𝑒𝑒𝑇𝑇𝑚𝑚𝑇𝑇𝑇𝑇𝑒𝑒do 
3: Solve (11) for 𝜎𝜎(𝑘𝑘) according to equation (9) 
4: Solve (13) for 𝑢𝑢(𝑘𝑘) according to equation (10) 
5: 𝑘𝑘 ← 𝑘𝑘 + 1; 
6: end while 
 
There is no need for the smoothing parameter 𝜖𝜖 in the MTV 
regularization scheme. As a result, the robustness of the EIT 
reconstruction problem is improved. 
V. NUMERICAL RESULTS 
Numerical simulations are performed based on the true 
thorax 3D model at end-inspiration and end-expiration statuses 
with five electrode rings constructed in Fig. 6. The MTV 
method is evaluated for 2D and 3D reconstruction of lung EIT 
in this section. Furthermore, respiratory movements are 
analyzed based on the reconstruction results. 
A. Selection of Parameters for the MTV Algorithm 
The parameter selection for the MTV algorithm is discussed 
based on numerical simulation. The single electrode ring model 
constructed in Fig. 4 is used in this section for discussion of the 
parameters. 
1) Iteration Number 
We compare the convergence rates of Tikhonov, TV, and 
MTV regularization schemes in Fig. 7. Iterative reconstruction 
for both end-inspiration and end-expiration statuses are 
discussed. To qualify the accuracy of these results, we calculate 
the RE defined in (7) and residual‖V − Jσ‖22for each iteration. 
The relative error and the residual curves are also provided in 
Fig. 7 to compare the convergence rates of the three methods. 
The relative error curves in Fig. 7(a) and(c) show that the MTV 
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converges much faster than the other two methods. On the other 
hand, the residual curves in Fig. 7(b) and (d) demonstrate that 
the three methods converge significantly different from one 
another. Considering both the accuracy and efficiency, we 
select 50 iteration steps empirically for the MTV method.
 
                                                                                    (a)                                                                                                                           (b) 
Fig. 8. 2D lung images reconstructed using three algorithms. The images are given from top to the bottom according to simulation model, which contains lung 
region. Nine image planes for each respiratory status. (a) Reconstructed images for end-expiration model; (b) Reconstructed images for end-inspiration model. 
 
2) Regularization Parameter 
Appropriate regularization parameters are important to 
obtain accurate inversion results. The regularization parameter 
λ1controls the trade-off between the residual and the Tikhonov 
regularization terms, the regularization parameter λ2 balances 
interface preservation in inversion. In this study, we estimate 
the regularization parameters λ1  and λ2 from several 
experiments and fix them asλ1 = λ2 = 0.01.  
As problem (8) is a multiply-constrained regularization 
problem, we can also adjust λ1 and λ2 via L-hypersurface 
method [41] to produce an acceptable accuracy of 
reconstruction. Here we propose the L-hypersurface as a 
multi-dimensional extension of the classical L-curve method. 
To construct the L-hypersurface, we first introduce the 
following quantities: 
𝑧𝑧(𝜆𝜆1, 𝜆𝜆2) = ‖𝑉𝑉 − 𝐽𝐽𝜎𝜎(𝜆𝜆1, 𝜆𝜆2)‖22                  (20) 
𝑚𝑚1(𝜆𝜆1, 𝜆𝜆2) = ‖𝜎𝜎(𝜆𝜆1, 𝜆𝜆2) − 𝜇𝜇(𝜆𝜆1, 𝜆𝜆2)‖22             (21) 
𝑚𝑚2(𝜆𝜆1, 𝜆𝜆2) = ‖𝜇𝜇(𝜆𝜆1, 𝜆𝜆2)‖TV                 (22) 
where 𝜎𝜎(𝜆𝜆1, 𝜆𝜆2) and 𝜇𝜇(𝜆𝜆1, 𝜆𝜆2) are the solutions of problem (8) 
with any regularization parameters 𝜆𝜆1 and 𝜆𝜆2; 
We denote the points where extreme solution norm and 
extreme residual norm regions start by a and b respectively. 
The points a and b can be defined as 
𝑚𝑚 = log 𝑧𝑧(𝜌𝜌𝑚𝑚𝑖𝑖𝑖𝑖2 ,𝜌𝜌𝑚𝑚𝑖𝑖𝑖𝑖2 )                        (23) 
𝑏𝑏1 = log 𝑚𝑚1(𝜌𝜌𝑚𝑚𝑚𝑚𝑥𝑥2 , 0)                         (24) 
𝑏𝑏2 = log 𝑚𝑚2(0,𝜌𝜌𝑚𝑚𝑚𝑚𝑥𝑥2 )                         (25) 
where 𝜌𝜌𝑚𝑚𝑖𝑖𝑖𝑖 and 𝜌𝜌𝑚𝑚𝑚𝑚𝑥𝑥 denote the smallest and largest singular 
values of sensitivity matrix J. 
Then we define the distance from the origin 𝑂𝑂 = (𝑚𝑚, 𝑏𝑏1, 𝑏𝑏2) 
to any point 𝛽𝛽(𝜆𝜆1, 𝜆𝜆2) on the L-hypersurface: 
𝛽𝛽(𝜆𝜆1, 𝜆𝜆2)  = ([log 
𝑚𝑚1(𝜆𝜆1, 𝜆𝜆2)], [log 𝑚𝑚2(𝜆𝜆1, 𝜆𝜆2)], [log z(𝜆𝜆1, 𝜆𝜆2)]) 
                                                                                          (26) 
v(𝜆𝜆1, 𝜆𝜆2) = |log 𝑧𝑧(𝜆𝜆1, 𝜆𝜆2) − 𝑚𝑚|2+|log 𝑚𝑚1(𝜆𝜆1, 𝜆𝜆2) − 𝑏𝑏1|2 
+|log 𝑚𝑚2(𝜆𝜆1, 𝜆𝜆2) − 𝑏𝑏2|2.                                                       (27) 
The optimized parameters could be obtained when 𝑣𝑣(𝜆𝜆1, 𝜆𝜆2) 
reaches a local minimum, i.e. 
𝜆𝜆1∗ , 𝜆𝜆2∗ = arg  min v(𝜆𝜆1, 𝜆𝜆2).                       (28) 































�             (30) 
where 𝜆𝜆1
(𝑙𝑙) and 𝜆𝜆2
(𝑙𝑙) are regularization parameters at step l. The 
algorithms started with appropriate initial regularization 
parameters 𝜆𝜆1
(0) and 𝜆𝜆2
(0) and iterated until the relative change in 
the iterates is determined to be sufficiently small. 
B. 3D Reconstruction Results 
EIT images are generated for two respiratory statuses. The 
lung areas under end-expiration and end-inspiration conditions 
are divided into 60 and 72 horizontal cut planes respectively. 
Fig. 8 shows nine specific image levels reconstructed based on 
different algorithms for each respiratory status. We could see 
the variations in the 3D patterns show a clear separation of the 
lung in lower planes and higher planes. On the left, the 
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simulation models are shown along with the imaging areas, at 
the right, reconstructed images of nine image planes are given. 
We could see from Fig. 8 that all of the three algorithms could 
reflect the variation of the lung region in the 3D dimension. 
Although the TV and MTV methods have the edge-preserving 
effect, the MTV method could better distinguish the lung 






Fig. 10. The center of lung lobe obtained from EIT reconstruction with simulation data. (a) end-expiration status. (b) end-inspiration status. 
 
In Fig. 9, 3D reconstructions of lung images are achieved 
utilizing the Tikhonov algorithm, TV algorithm, and MTV 
algorithm, respectively. In order to explore the structure inside 
the thorax, we display the coronal and sagittal cut planes of the 
3D reconstructed images. According to the results shown in 
Fig. 9, the 3D reconstructed images can suggest the variation of 
lung volumes under different respiratory statuses. The 
reconstruction results of Tikhonov regularization algorithm 
produce smooth solutions, while the reconstruction results of 
the MTV regularization improve the edge-preserving 
performance in the inversion result compared with the 
Tikhonov and traditional TV methods. Equation (7) is modified 













.                            (31) 
The computational time for different methods is shown in 
TableⅠ. The reconstruction is performed on a PC configured 
for 2.7GHz GPU, 8GB of memory. The reconstruction time of 




COMPARISON OF THREE METHODS IN TERMS OF COMPUTATIONAL TIME 
Respiratory status 







End-expiration 323 700 574 
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COMPARISON OF LRRS BASED ON SIMULATION DATA 
 Real Tikhonov (𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝑳𝑳𝑳𝑳𝑳𝑳) TV(𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝑳𝑳𝑳𝑳𝑳𝑳) MTV(𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝑳𝑳𝑳𝑳𝑳𝑳) 
End-expiration 0.0753 0.0962(0.0209) 0.0838  (0.0085) 0.0740(-0.0013) 
End-inspiration 0.1294 0.1763(0.0469) 0.1487  (0.0193) 0.1273 (-0.0021) 
 
TABLE Ⅲ 
VARIABILITY OF RESPIRATORY MOTION FROM END-EXPIRATION TO END-INSPIRATIONSTATUSES 
Localization Algorithm Lobe/ Side 









L -0.15 -1.03 0.5 1.15 













































L -0.13 -0.59 -0.5 0.78 













































L 0.03 -0.09 -1.5 1.50 












































C. Analysis of 3D EIT Reconstruction Results 
1) Lung Volumes 
One of the main advantages of 3D EIT is that it has the 
potential to capture regional lung activity inhomogeneities in a 
volume. In order to analyze lung volume based on 3D EIT data, 
the lung volumes during end-inspiration and end-expiration 
statuses are studied based on lung regional ratio (LRR). The 
LRR values based on 3D reconstructed images for two 
respiratory conditions are calculated according to (32) and 
shown in Table Ⅱ. 





                                   (32) 
where VA is the ventilation area and TA is the thorax area apart 
from the lungs. The LRRs based on reconstructed images are 
compared to the LRRs based on real images by calculating the 
errors. 
𝑒𝑒𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝐼𝐼𝐼𝐼𝐼𝐼 = 𝐿𝐿𝑅𝑅𝑅𝑅𝑟𝑟𝑒𝑒𝑟𝑟𝑟𝑟𝑖𝑖𝑖𝑖 − 𝐿𝐿𝑅𝑅𝑅𝑅𝑟𝑟𝑒𝑒𝑚𝑚𝑙𝑙                     (33) 
where𝐿𝐿𝑅𝑅𝑅𝑅𝑟𝑟𝑒𝑒𝑟𝑟𝑟𝑟𝑖𝑖𝑖𝑖  is LRR based on the reconstruction results, 
and 𝐿𝐿𝑅𝑅𝑅𝑅𝑟𝑟𝑒𝑒𝑚𝑚𝑙𝑙 is the real LRR which is obtained through the 
simulation model built by CT scan in Section Ⅲ. 
From Table Ⅱ, we can see that lung volume increases as the 
end-expiration to end-inspiration amplitude of conductivity 
distribution changes. Furthermore, the LRR parameters 
estimated based on the reconstruction results also demonstrate 
that the MTV method is most suitable for lung ventilated 
volume calculation. 
2) Respiratory Movement 
Theoretically, reconstructed images can suggest the variation 
of respiratory movement between end-inspiration and 
end-expiration statuses. Numerical calculations of lung 
positions detected by 3D lung EIT images based on simulation 
data are presented. We evaluate the position of the lung with the 
aid of the central position of the lung area in each slice. In order 
to obtain the central position of the lung, the center of each lung 
lobe in the 2D slice is calculated based on image processing: 
Firstly, the lung area of each slice is extracted. The lung region 
is extracted from the whole thorax region through the 
maximum inter-class variance algorithm [42]. Then the 
geometric centers of the two lung lobes are found [43]. Both the 
lung EIT images of end-inspiration and end-expiration are 
processed, so that the position of the lung in each slice under 
two respiratory conditions could be obtained. Fig.10 brings 
lung positions from image slices together as curve graphs to 
make a comparison. The black dotted line indicates the true 
positions of the 3D lung image, and others are given by the 
quantitative results from reconstructed images with different 
algorithms. Comparing the lung positions obtained from 
different reconstruction algorithms, the ones calculated based 
on the MTV image is closer to the true position, with others 
showing a little further deviation. The results suggest that the 
MTV method would be feasible to explore the information 
about 3D lung EIT. 
According to the related studies based on CT images, the lung 
area is separated into 3 parts, namely the upper lobe, middle 
lobe, and lower lobe. The lung positions are then averaged over 
all slices for each lobe. 
The positions of different lobe under two respiratory 
conditions are shown in Fig. 10. 
The respiratory movement between end-inspiration status and 
end-expiration status are calculated in three perspectives, 
𝑀𝑀𝑂𝑂𝑉𝑉𝑖𝑖 = 𝑃𝑃𝐼𝐼𝑁𝑁𝑣𝑣𝑖𝑖 − 𝑃𝑃𝑅𝑅𝑃𝑃𝑣𝑣𝑖𝑖                            (34) 
where i=1,2,3 is the index of a lung lobe, v =1,2,3 is the index of 
perspective, MOV is respiratory movement, PIN and PEX are 
lung positions under end-inspiration and end-expiration 
statuses, respectively.  
According to the respiratory movement on three 
perspectives, the 3D movement is calculated, 
𝑀𝑀𝑂𝑂𝑉𝑉3𝐷𝐷𝑖𝑖 = �∑ 𝑀𝑀𝑂𝑂𝑉𝑉𝑣𝑣𝑖𝑖
23
𝑣𝑣=1 .                            (35) 
The respiratory motion parameters calculated from the 
reconstructed images with different algorithms are shown in 
Table Ⅲ. The error between the reconstruction and real value is 
calculated, 
𝑒𝑒𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑀𝑀𝑀𝑀𝑇𝑇 = 𝑀𝑀𝑂𝑂𝑉𝑉𝑟𝑟𝑒𝑒𝑟𝑟𝑟𝑟𝑖𝑖𝑖𝑖 − 𝑀𝑀𝑂𝑂𝑉𝑉𝑟𝑟𝑒𝑒𝑚𝑚𝑙𝑙                    (36) 
where 𝑀𝑀𝑂𝑂𝑉𝑉𝑟𝑟𝑒𝑒𝑟𝑟𝑟𝑟𝑖𝑖𝑖𝑖 is MOV based on the reconstruction results, 
and 𝑀𝑀𝑂𝑂𝑉𝑉𝑟𝑟𝑒𝑒𝑚𝑚𝑙𝑙is real MOV obtained from simulation model. 
From Table Ⅲ, we could see that the positions of pulmonary 
structures vary during respiratory process according to 
conductivity distribution. For 3D results, the middle lobe and 
lower lobe have larger movement than the upper lobe. 
Furthermore, there are differences between inspiration and 
expiration in three axial directions. Lung motion was observed 
in anteroposterior and craniocaudal directions, with only very 
limited lateral movements. The trend of the lung motion 
variation based on reconstruction results is consistent with the 
real ones. The MTV algorithm could give the most accurate 
respiratory motion results because of the best image quality. 
VI. EXPERIMENTAL RESULTS 
Experiments were conducted with thorax shape models using 
the TJPU-EIT system (see Fig. 11). We 3D printed two sets of 
models for two respiratory conditions, as shown in Fig. 12. 
Each model contains a clear thorax phantom and two white 
lung phantoms according to the geometric dimension of the 
simulation model discussed in SectionⅢ . As a result, the 
capacity of the system is about 23 liters according to the volume 
of the thorax. 5 electrode rings similar to the simulation study 
were distributed on the inner surface of the thorax phantom. 
There are 16 round electrodes made of titanium alloy in each 
electrode ring. The thorax phantom was filled with a saline 
solution of conductivity0.32 S/m. 
The lung phantoms are hung in the saline water according to 
the positions in simulation models. Refer to the developed EIT 
systems applied for pulmonary ventilation and perfusion, 5 mA 
current was injected adjacently at frequency 50kHz[44]-[46] 
and the adjacent voltage data was measured. For each 
pulmonary model, both the reference field (only thorax 
phantom filled with saline water) and the object field (the lung 
phantoms immersed in saline water ) are tested for difference 
imaging. 
 
Fig. 11 TJPU-EIT system for experiment 
 







COMPARISON OF LRRS BASED ON EXPERIMENTAL DATA 
 Real Tikhonov(𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝑳𝑳𝑳𝑳𝑳𝑳) TV(𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝑳𝑳𝑳𝑳𝑳𝑳) MTV(𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝑳𝑳𝑳𝑳𝑳𝑳) 
End-expiration 0.0753 0.1076(0.0323) 0.0907(0.0154) 0.0671(-0.0082) 










Fig.12. 3D printed phantom of the thorax. (a) Thorax cavity. (b) Lungs. 
 
 




 COMPARISON OF EXPERIMENTAL RECONSTRUCTION RESULTS IN TERMS OF 
SYSTEM RESPONSE TIME 
Respiratory 
status 
Computational time (ms) 
TV method MTV method 
End-expiration 723 573 






A full set of measurements V𝑗𝑗,𝑘𝑘 , j, k = 1,…,16 for each 
electrode ring is provided by the TJPU-EIT system. However, 
only 16 × 13 measurements (𝑉𝑉𝑗𝑗,𝑘𝑘with |𝑗𝑗 − 𝑘𝑘| > 1) are used 
for reconstruction, in order to avoid the errors and unknown 
contact impedance produced by current-driven electrodes. 
Similar to simulation, the measurements from the five rings 
cover the reconstruction of 111 slices for the whole thorax. The 
reconstruction results of TV and MTV methods are compared 
in Fig. 13. We could distinguish between inspiration and 
expiration through images reconstructed based on all of the 
three methods. However, compared with the results obtained by 
the MTV method, more artifacts and discontinuities can be 
observed in the recovered lung region by the other two 
methods. 
The response time of the practical EIT system includes data 
acquisition time and image reconstruction time. The response 
time for experimental reconstruction is shown in TableⅣ. The 
MTV method has better real-time performance than the TV 
method. The data acquisition and transmission time, i.e. the 
time to measure and communicate one tomography 
measurement frame through to the reconstruction unit is about 
2.5 ms, which is only a small fraction of system response time. 
That means the response time of the system has the potential to 
be improved with high-performance reconstruction algorithm 
and computing equipment. 
The LRR and respiratory movement are also calculated 
according to the experimental 3D reconstruction results, as 
shown in Table Ⅴ and Table Ⅵ respectively. 
As expected, the estimated respiratory parameters with the 
MTV reconstruction results have the lowest errors. It 
demonstrates that 3D EIT not only give images and ventilation 












VARIABILITY OF RESPIRATORY MOTION FROM END-EXPIRATION TO END-INSPIRATION STATUSES BASED ON EXPERIMENTAL DATA  
Localization Algorithm Lobe/ Side 









L -0.15 -1.03 0.5 1.15 
R -0.09 -1.23 0.5 1.33 
TV 
(Error) 
























L -0.13 -0.59 -0.5 0.78 
R 0.15 -1.8 -0.5 1.87 
TV 
(Error) 
























L 0.03 -0.09 -1.5 1.50 
R 0.33 -0.77 -1.5 1.72 
TV 
(Error) 
























VII. CONCLUSION AND FUTURE WORK 
In this paper, 3D lung EIT is used for investigating 
respiratory motion. The 3D thorax models of end-inspiration 
and end-expiration statuses were constructed. The design of 
electrodes was discussed according to the offline effect based 
on reconstructed images. The MTV algorithm was proposed for 
the 3D reconstruction of EIT. The lung volume and movement 
between end-inspiration and end-expiration were evaluated 
based on reconstructed images. Both simulation and 
experiments show that 3D EIT has the potential for respiratory 
motion tracking; the MTV algorithm could effectively improve 
the 3D image quality, and hence improve the accuracy of 
respiratory motion parameters. It demonstrates the potential for 
further development of EIT in precision medicine 
measurement. 
When detecting the respiratory motion of real human lungs 
with EIT, there are many issues to be considered according to 
the specificity of human bodies and limitation of the system. 
Other tissues and organs next to the lungs could potentially 
affect the measurements of the proposed EIT system. The EIT 
reconstructions are also sensitive to the contact impedance 
between the electrode and skin. As a result, the conductivity 
properties of related organs should be properly studied for 
improving the accuracy of measurement. Furthermore, the 
thorax deformation during breathing should be considered to 
modify the reconstruction method. 
It is still challenge to improve the resolution in time but 
maintaining the high resolution in space together with not much 
cost for 3D reconstruction.In future work, accelerated 
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algorithms, e.g. parallel computation, will be involved in the 
3D EIT reconstruction process, in order to meet the 
requirement respiratory movement estimation under 
free-breathing status based on dynamic 3D EIT lung images. 
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